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a  b  s  t  r  a  c  t
Soil  erodibility,  which  is  difﬁcult  to  estimate  and  upscaling,  was  determined  in  this  study  using  multiple
spectral  models  of soil  properties  (soil  organic  matter  (SOM),  water-stable  aggregates  (WSA)  >  0.25  mm,
the geometric  mean  radius  (Dg)).  Herein,  the  soil erodibility  indicators  were  calculated,  and  soil  prop-
erties were  quantitatively  analyzed  based  on  laboratory  simulation  experiments  involving  two  selected
contrasting  soils.  In addition,  continuous  wavelet  transformation  was  applied  to  the  reﬂectance  spec-
tra (350–2500  nm)  of  65 soil  samples  from  the  study  area.  To  build  the  relationship,  the soil  properties
that  control  erodibility  were  identiﬁed  prior  to  the spectral  analysis.  In this  study,  the  SOM,  Dg and
WSA  >0.25  mm  were  selected  to represent  the  most  signiﬁcant  soil  properties  controlling  erodibility
and  describe  the  erodibility  indicator  based  on  a logarithmic  regression  model  as  a  function  of  SOM  or
WSA  >  0.25  mm.  Five,  six and  three  wavelet  features  were observed  to calibrate  the  estimated  soil  proper-
ties model,  and  the  best  performance  was obtained  with  a combination  feature  regression  model  for  SOM
(R2 = 0.86,  p <  0.01),  Dg (R2 =  0.79, p < 0.01)  and  WSA  >0.25  mm  (R2 = 0.61,  p < 0.01),  respectively.  One  part
of  the wavelet  features  captured  amplitude  variations  in the  broad  shape  of  the  reﬂectance  spectra,  and
another  part  captured  variations  in  the  shape  and  depth  of the  soil  dry substances.  The  wavelet  features
for the validated  dataset  used  to predict  the  SOM,  WSA  >0.25 mm  and Dg were  not  signiﬁcantly  different
compared  with  the calibrated  dataset.  The  synthesized  spectral  models  of  soil  properties,  and  the  for-
mation  of  a  new  equation  for soil  erodibility  transformed  from  the  spectral  models  of soil  properties  are
presented  in  this  study.  These  results  show  that  a spectral  analytical  approach  can  be  applied  to  complex
datasets  and  provide  new  insights  into  emerging  dynamic  variation  with  erodibility  estimation.
© 2016  The  Author(s).  Published  by Elsevier  B.V.  This  is an  open  access  article under  the  CC  BY license. Introduction
Soil erosion by water involves the interaction of a complex set
f physical and chemical processes governed by many factors; soil
rodibility describes the degree to which the soil surface is sus-
eptible to soil erosion. Soil erodibility is an important parameter
or estimating soil loss and implementing soil conservation prac-
ices (Wang et al., 2014). Most previous studies (Burgess et al.,
989; McTainsh et al., 1998) have assumed that variation in sur-
ace erodibility is static in time and/or space. Geeves et al. (2000)
ontend that in many cases this has led to a misunderstanding of
he concept and that erodibility should be viewed as a dynamic
ontinuum rather than a stable property of the soil surface. Less
ttention has been paid to the dynamic processes of soil erodibility
∗ Corresponding author at: College of Water Sciences, Beijing Normal University,
injiekouwai Street 19, Haidian, Beijing 100875, China.
E-mail address: jingshan@bnu.edu.cn (J. Yu).
ttp://dx.doi.org/10.1016/j.jag.2016.08.006
303-2434/© 2016 The Author(s). Published by Elsevier B.V. This is an open access article(http://creativecommons.org/licenses/by/4.0/).
due to problems concerning accurate measurement of erodibility.
One of the main difﬁculties in measuring soil erodibility is that this
indicator is controlled by a number of soil factors that may  vary
considerably in space and time (Chappell et al., 2005). Soil erodi-
bility has been found to be inﬂuenced by soil properties such as
particle size distribution, structural stability, soil organic matter
content, soil chemistry and clay mineralogy and water transmission
characteristics (Lal, 1994). Therefore, a common way to investigate
soil erodibility would be to produce soil-property maps based on a
vast number of traditional ﬁeld soil samplings and property anal-
yses, such as chemical, biological and physical, but such analyses
are both time-consuming and expensive. Furthermore, ﬁeld studies
of soil erodibility have usually been conducted on soils in agricul-
tural lands (e.g., Zobeck, 1991). However, it was shown by Chappell
et al. (2003) that spatial and temporal samples of soil erosion ﬂux
typically do not have the same spatial scales as those of several
properties known to control soil erodibility. Therefore, knowledge
of the physical and chemical properties of soil that control erodi-
 under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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ility and the spatial distribution of these properties is essential in
dentifying the land surface susceptible to soil erosion.
A single relatively quick and economic measuring method will
acilitate the monitoring and assessment of soil properties linked
o soil erodibility mapping in time and space. In the previous
tudies, an alternative approach involving the application of hyper-
pectral reﬂectance from soil surfaces to assess the chemical and
hysical properties of soil has been suggested (Ben-Dor et al.,
999; Shepherd and Walsh, 2002; Rossel et al., 2006; Stenberg
nd Rossel, 2010; Kariuki et al., 2004; Luleva et al., 2011). Mea-
urements of the intrinsic optical properties of the soil surface
roduce distinct spectral absorption features, yielding diagnos-
ic reﬂectance spectra related to the soil chemical and physical
roperties (Stenberg and Rossel, 2010). In situ and laboratory
easurements of soil hyperspectral reﬂectance in the visible-
ear-infrared (VNIR, 350–2500 nm)  spectral range are a promising
nalytical tool to determine soil properties (Conforti et al., 2013).
his approach has been found to be rapid, economic, and non-
estructive; moreover, several different soil properties can be
etermined from a single scan (Brown et al., 2006; Rossel et al.,
006; Yitagesu et al., 2009).
Soil chemical and physical properties work cumulatively to
etermine the soil erodibility, and all these properties interact
n a complex fashion to produce a given reﬂectance spectrum.
lthough a qualitative interpretation of reﬂectance spectra through
isual analysis can be achieved, a direct quantitative prediction
f soil characteristics is difﬁcult to accomplish (Conforti et al.,
013). Moreover, previous researches have applied the airborne
yperspectral imaging spectroscopy data including MODIS/ASTER
irborne Simulator (MASTER) instrument, airborne Portable
emote Imaging Spectrometer (PRISM) (Mouroulis et al., 2013) and
arth Observing-1 (EO-1)/Hyperion hyperspectral imagery (e.g.,
alcone and Gomez., 2005; Weng et al., 2008) for providing enor-
ous hyperspectral datasets to analyze surface features at large
cale (Zhang, 2016; Kalacska et al., 2007; Sánchez-Azofeifa et al.,
009), but a ground-based hyperspectral experiment to under-
tanding the mechanism of the soil spectra is still the prerequisite
ue to the complexity of airborne hypersprctral analysis (Jafari and
ewis, 2012).
Therefore, before the soil erodibility can be directly predicted
sing hyperspectral reﬂectance spectroscopy, two important issues
ust ﬁrst be resolved. The ﬁrst issue is the determination of the
ominant soil physical and chemical properties controlling erodi-
ility, and the second is the quantiﬁcation of the relationships
etween soil hyperspectral reﬂectance and soil properties. These
elationships can usually be obtained through statistical models.
elevant studies can be found using various methods, such as
ultiple linear regression (MLR), principal components regres-
ion (PCR), partial least-squares regression (PLSR) and artiﬁcial
eural networks (ANN), to calibrate statistical models for spec-
roscopy (Chang et al., 2001; Farifteh et al., 2007; Shepherd and
alsh, 2002; Rossel and Behrens, 2010; Yang et al., 2003; Kariuki
t al., 2003). However, these methods are computationally inten-
ive and complex and are thus of limited practical use. Continuous
avelet analysis (CWA), which is emerging as a promising tool in
aboratory spectroscopy for deriving surface vegetation informa-
ion (Blackburn, 2007; Blackburn and Ferwerda, 2008; Cheng et al.,
010; Ferwerda and Jones, 2006), is rarely applied to soil properties
etermination. Those studies also documented the close linkage
etween absorption peak and wavelet features, namely spectral
eatures in the wavelet domain. It allows us to transform the data
nto a new representation by decomposing the input signature into
arious scales (frequencies) (Torrence and Compo, 1998) and is well
uited for quantifying compositional constituents from reﬂectance
pectra. The continuous wavelet transform (CWT), which is easier
o use for analysis than the above methods, provides a decompo-bservation and Geoinformation 53 (2016) 48–63 49
sition of soil properties into a number of scale components and
each component is directly comparable to the reﬂectance spec-
tra. In this study, we  aim to extract wavelet features (coefﬁcients)
that are sensitive to the change in soil properties which governing
soil erodibility across a wide range of species. Hence, Continuous
wavelet analysis is used in this study as a spectral feature anal-
ysis tool to examine the changes in soil spectrum response as a
function of soil properties and gain insights on the inﬂuence of soil
erodibility.
The main objectives of this study was  (a) to identify the main
soil properties that control the soil erodibility through laboratory
rainfall simulation and (b) to test the ability of laboratory-based
soil hyperspectral reﬂectance method in the VNIR spectral range
(350–2500 nm)  to predict the erodibility controlling soil proper-
ties and their correlations. Two  typical agricultural and signiﬁcantly
erodible soils were selected in the northern erosion region of China,
which is one of the four major erosion regions in China, and a series
of laboratory simulation experiments and data analyses were con-
ducted for these objectives. Our study provides a tool to determine
the soil erodibility in dynamic change with a rapid, economic, and
non-destructive method.
2. Materials and methods
2.1. Soil sample preparation and laboratory analysis
The selection of soils (bare and cultivated ﬂuvo-aquic soils) for
the rainfall simulation and the poultry compost addition method
were originally derived from the study of Wang et al. (2015). The
cultivated and bare ﬂuvo-aquic soils are widely throughout the
central and eastern China (ONSS, 1998). The cultivated ﬂuvo-aquic
soils were selected from the cropland for long time plowing and
harrowing, and seed furrowing while the bare soils were selected
from the bare or sparsely vegetated ground. Meanwhile, the poultry
composts were chosen because poultry manure is the most com-
mon  manure in the rural area of China. Composts are deﬁned as
organic materials that have gone through a microbiological heat
process and have decomposed to biologically stable, humus-rich
materials (Alexander, 1996). In this paper, poultry compost rates
of 20 kg m−3 (low compost treatment group) and 100 kg m−3 (high
compost treatment group) were applied to the two  natural soils and
were mixed well for one month in top and lower layer. The fertil-
izing amount 20 kg m−3 and 100 kg m−3 were the normal amount
for Chinese agricultural area (Wu et al., 2015). The two  original
soils were considered as a control group. Soil properties, such as
the particle-size distribution, bulk density, water content, pH, soil
organic matter (SOM), water-stable aggregates (WSA) >0.25 mm
and cation exchange capacity (CEC), were measured using the test
methods for the examination of soil physical and chemical prop-
erties (ISSCAS, 1997). Additionally, the soil properties indicator
referred to as the geometric mean radius (Dg, mm)  was calculated
as a function (1) of the particle-size distribution as follows:
Dg = exp
(
0.01 ×
∑n
i=1
filgmi
)
(1)
where fi (%) represents the weight percentage of the ith parti-
cle size level, and mi (mm) represents the average radius of the
ith particle size level. The soil ﬂumes were prepared using metal
sheets (2.00 × 0.75 × 0.50 m,  length × width × height). The ﬂume
slope was controlled by the slope-adjusting screws, and runoff was
collected at the end of the ﬂume. The soil preparation method of
Romkens et al. (2002) was adopted in this study.
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Table  1
Mechanical composition, bulk density, soil water content, pH, soil organic matter (SOM), cation exchange area capacity (CEC) of two  soil samples and their compost treatments.
soil compost
treatments
Mechanical composition (%) Bulk density
(g/cm3)
Soil water
Content (%)
pH SOM
(g/kg)
CEC
(cmol/g)
>0.1 mm 0.1–0.05 mm 0.05–0.01 mm <0.01 mm
Bare ﬂuvo-aquic
soil
control 31.10 45.30 21.18 2.42 1.16 6.7 7.92 12.2 7.83
low  25.68 47.07 24.00 3.25 1.06 13.2 8.29 29.45 8.42
high  28.96 48.53 19.11 3.40 0.92 15.9 8.76 52.52 13.25
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ﬂuvo-aquic soil
control 40.53 43.73 13.66 2
low  39.18 46.63 10.59 3
high  50.10 34.65 12.24 3
.2. Rainfall simulation experiments
The basic components of the sprinkling-type rainfall simulator
ere three groups of oscillating TSPT-X-type nozzles. The nozzle
eight was 1.5 m above the geometric center of the soil surface. On
ach treatment, three rainfall simulations were conducted (with
ntensities of 60, 90 and 120 mm h−1) with one ﬁxed-bed slope of
0%. The duration of each rainfall event was 40 min, and the inter-
al between two  rainfall events was one hour. These experiments
ere repeated two times (i.e., each treatment had two replicates).
he experiments were performed in Qingdao, eastern China. Qing-
ao has an average annual rainfall about 862.1 mm.  In this study, a
igh rainfall rate (120 mm  h−1) was adopted to evaluate these treat-
ents under a “worst case” scenario. This is ﬁrstly because most
oil erosions occur during extreme rainfall events in this region
Chen et al., 1992), meanwhile since these treatments adopted sim-
lar variability in natural rainfall rates with consecutive rainfall as
etween them, which contribute to the calculation for soil erodi-
ility that based on a yearly cycle (Risse et al., 1991). Secondly,
he high rainfall intensity results in high raindrop splash erosivity,
hich leads to obvious change of soil particles size that provides
ore soil samples with variable textures for spectral analysis and
odeling.
For each treatment, the runoff and sediment samples were col-
ected in pails with a known volume at intervals of 8 min. Volume
f ﬂow collected in these pails was considered as the runoff for each
reatment. The sediment was deposited, air-dried and weighed in
he pails after more than 24 h of sedimentation. After each rain-
all simulation experiment, the basic properties of the two soils
ere measured, including the bulk density, soil water content, pH,
OM concentration, CEC, TN content and WSA  >0.25 mm.  These
oil properties before and after rainfall simulation are listed in
ables 1 and 2, respectively..3. Spectral experimental design
To achieve the mentioned objectives, three different spectral
xperimental carried out as described below. Since the soil mois-
able 2
echanical composition, bulk density, soil water content, pH, total nitrogen (TN), soil o
heir  compost treatments after rainfall simulation experiments.
soil compost
treatments
Mechanical composition (%) Bulk densit
(g/cm3)
>0.1 mm 0.1–0.05
mm
0.05–0.01
mm
<0.01
mm
Bare ﬂuvo-aquic
soil
control 38.10 48.30 11.25 2.35 1.28 
low 31.13 47.57 19.43 1.87 1.24 
high 34.13 49.12 14.11 2.64 1.11 
Cultivated
ﬂuvo-aquic soil
control 46.53 39.73 11.37 2.37 1.33 
low 36.29 43.97 15.79 3.95 1.22 
high 54.95 32.01 11.76 1.28 1.08 1.11 4.7 7.47 18.8 7.24
1.07 15.7 7.9 37.98 8.12
0.93 16.1 8.74 55.69 12.83
ture are known to have effect on the spectral reﬂectance each plot
was allow to dry naturally for at least 48 h after rainfall simulation.
Experiment 1(Exp.1): this experiment was  conducted to quan-
tify the relationship between soil organic matter (SOM) and spectral
reﬂectance. In order to avoid spectral effect of other soil proper-
ties, the soil samples were selected on the condition that the SOM
content varied signiﬁcantly whereas other properties (e.g. soil par-
ticle size, water stable aggregate,) changed slightly. From Table 1,
the SOM changed signiﬁcantly among each treatment due to the
addition of manure, hence the soil samples were selected aver-
aged from each content-grads (control, low and high) treatment.
At each experimental treatment, the topsoil (0–20 cm)  and sub-
soil (20–40 cm)  were sampled and ultimately 22 qualiﬁed samples
were selected to measure the SOM spectral feature.
Experiment 2(Exp.2): this experiment was  conducted to quan-
tify the relationship between Dg and spectral reﬂectance. In order
to avoid spectral effect of other soil properties, the soil samples
were selected on the condition that the Dg content varied signiﬁ-
cantly whereas other properties (e.g. SOM, WSA) changed slightly.
From Table 2, the mechanical composition >0.1 mm varied from
31.13%–54.95%, which suggest the soil particle size changed sig-
niﬁcantly due to the combined effect of the addition of manure
and the raindrop splash erosivity, hence the soil samples were
selected averaged from each content-grads (control, low and high)
after rainfall simulation. At each experimental treatment, the top-
soil (0–20 cm)  and subsoil (20–40 cm)  were sampled and ultimately
20 qualiﬁed samples were selected to measure the SOM  spectral
feature.
Experiment 3(Exp.3): this experiment was  conducted to quan-
tify the relationship between water stable aggregate (WSA) and
spectral reﬂectance. In order to avoid spectral effect of other soil
properties, the soil samples were selected on the condition that
the WSA  content varied signiﬁcantly whereas other properties (e.g.
soil particle size, SOM,) changed slightly. The soil samples were
selected averaged from each content-grads (control, low and high).
At each experimental treatment, the topsoil (0–20 cm)  and sub-
soil (20–40 cm)  were sampled and ultimately 25 qualiﬁed samples
were selected to measure the WSA  spectral feature.
rganic matter (SOM), cation exchange area capacity (CEC) of two soil samples and
y Soil water
Content
(%)
SOM
(g/kg)
CEC
(cmol/g)
pH TN WSA  >0.25 mm
35.7 8.53 8.30 9.17 0.06 46.99
39.9 26.62 9.10 9.52 0.13 46.80
49.6 48.68 13.60 9.08 0.35 53.06
37.3 17.5 7.30 9.02 0.09 64.49
41.7 29.62 8.70 9.65 0.15 68.32
44.5 47.98 12.10 9.48 0.40 72.54
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Fig. 1. Schematic representation of the feature extraction method using continuous wavelet analysis. Input data sets include the measured soil properties (SOM, Dg and
WSA  > 0.25 mm)  and reﬂectance measurements of soil properties (SOM, Dg and WSA  >0.25 mm).
Table 3
The statistical analysis of mechanical composition, soil organic matter (SOM), bulk density, cation exchange area capacity (CEC) and Water sable aggregate (WSA) >0.25 mm
of  soil samples for wavelet transform.
Soil properties Min. LowerQuartile Median UpperQuartile Max. Mean SD CV(%)
Mechanical
Composition
(%)
>0.1 mm 2.60 17.00 24.40 44.60 66.60 29.58 15.54 0.53
0.1–0.05 mm 1.00 13.00 17.40 21.80 36.20 17.69 7.35 0.42
0.05–0.01 mm 9.00 18.80 24.20 28.40 58.40 24.97 9.22 0.37
0.01–0.005 mm 1.00 3.20 4.60 6.80 26.00 5.63 4.24 0.75
0.005–0.001 mm 0.80 4.20 6.00 7.60 17.80 6.45 3.33 0.52
<0.001 mm 2.40 8.40 15.60 23.00 30.40 15.71 8.09 0.52
SOM  (g/kg) 2.03 7.79 14.27 19.22 44.38 14.35 8.12 0.57
Bulk  density (g/cm3) 0.64 1.08 1.15 1.26 1.35 1.16 0.12 0.10
CEC  (cmol/g) 7.25 12.78 18.25 25.92 50.10 19.80 8.65 0.44
WSA  > 0.25 mm 2.65 35.24 42.08 49.08 64.90 39.72 13.82 0.35
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Table  4
Two kinds of soil erodibility indicator(a and ae) for different treatments.
Soil Compost
treatments
Slope angle
(degree)
Rainfall
Intensity(mm h−1)
R1 *LS
(mm*mj  m−2 h−1)
Re*LS
(mm*mj m−2 h−1)
Soil
loss(g m−2)
a
(g h−1
kj−1 mm−1)
ae
(g h−1
kj−1 mm−1)
Bare ﬂuvo-aquic soil control 10 60 0 0 0 34.36 204.96
90  439.65 80.21 25.74
120 1351.65 220.09 35.81
low 10 60 1143.01 7.81 1.18 19.46 75.6
90 732.75 193.53 30.20
120 1351.65 343.02 10.36
high 10 60 123.36 32.69 9.68 14.18 51.18
90  732.75 200.28 19.77
120 1351.65 377.24 9.79
Cultivated ﬂuvo-aquic soil control 10 60 0 0 0 11.54 64.44
90 439.65 78.93 5.07
120 1351.65 241.95 15.60
low 10 60 0 0 0 7.38 37.65
90  1227.87 348.91 9.35
120 1351.65 157.01 9.70
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.4. Spectral reﬂectance measurements
The reﬂectance spectra of the collected soil samples were mea-
ured in the laboratory (in a dark room). The spectral reﬂectance
ata over 350–2500 nm were obtained with an Analytical Spectral
evices (ASD) spectroradiometer at a spectral resolution of 1.4 nm.
n 8◦ ﬁeld of view was used, and illumination was  provided by
 1000-W halogen lamp, which was held constant at 90◦ above
he soil plane and at a distance of 100 cm from the soil surface.
o eliminate the inﬂuence of soil water content on the spectral
urves, the samples were air dried before the hyperspectral mea-
urements were taken. The soil samples were placed inside a 10-cm
iameter circular black capsule and measured ﬁve times for averag-
ng. In the laboratory experiments conducted in this study, a white
pectralon reference panel was used to standardize the reﬂectance
Conforti et al., 2013). To improve the accuracy of the data, those
pectral data with a low signal-to-noise ratio in the 400–2447-nm
ands were analyzed, and the original reﬂectance measurements
ere conducted with continuum removal (CR). The purpose of
he reﬂectance continuum removal transformation is to enhance
nd standardize the speciﬁc absorption features of the soil prop-
rties (Kokaly and Clark, 1999). To achieve this, the CR spectral
nterval must contain wavelengths that are most sensitive to the
oncentration changes of the particular soil spectral features. The
R calculation were from following equation:cj =
Rj
Rstart + K ∗ (
(
j − start
) (2)
able 5
earson’s correlation coefﬁcients (R) between soil properties variables for all rainfall sim
Soil water content Bulk density Organic matter CE
Soil water content 1.000
Bulk density −0.851* 1.000
Organic matter 0.847* −0.933** 1.000
CEC 0.734 −0.939** 0.906* 1.
WSA  > 0.25 mm 0.267 −0.298 0.397 0.
PH  0.626 −0.267 0.216 −
TN  0.742 −0.962** 0.960** 0.
a  −0.514* 0.399 −0.640* −
ae −0.590* 0.413 −0.689* −
** p<0.01.
* p<0.05.0 0 8.3 55.51
0 89.22 7.73
.65 200.60 8.35
K = Rend − Rstart
end−start
(3)
Where j is the jth waveband, RCj is the value of continuum removal
for jth waveband, Rj is the original spectral reﬂectance of the jth
waveband, Rend and Rstart are the spectral reﬂectance of the end
and start point in the absorption curve, end and start are the wave-
length of the end and start point in the absorption curve, K is the
slope of between the end-point and start-point waveband in the
absorption curve. Our study provides a tool to determine dynamic
change soil erodibility.
2.5. Statistical analysis
In this study, the soil erodibility indicator for each treatment
was generated from the rainfall simulation experiments based on
following method (Risse et al., 1991):
a = A/ (R × LS) (4)
a modiﬁed version of erodibility (ae) that considers the explicit
runoff effect of an event was then determined from
ae = A/ (Re × LS) (5)
where A is the amount of soil loss derived from the experiment
during each storm event, R represents the rainfall erosivity factor,
LS is the slope length-gradient factor, QR is the runoff ratio, and
Re = QR *R. Additionally, the management practices (C and P) were
set to 1, in accordance with the experimental design in the study.
ulation samples tested from the Qingdao, China.
C Water stable aggregate
>0.25 mm
PH TN a ae
000
082 1.000
0.022 0.298 1.000
930** 0.,410 0.104 1.000
0.276 −0.818** −0.331 0.517 1.000
0.351 −0.602* −0.320 0.524 0.951** 1.000
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Fig. 2. Soil erodibility indicators (a and ae) as a function of SOM and WSA  >0.25 mm:  (A) a as function of SOM, (B) ae as a function of SOM, (C) a as function of WSA  >0.25 mm,
(D)  ae as a function of WSA  >0.25 mm.
Fig. 3. Originally hyperspectral reﬂectance curve of ﬁve different classes of soil properties: (A) SOM, (B) Dg.
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Fig. 4. Feature regions extracted from the correlation scalograms relating wavelet power with soil properties expressed on the basis of (A) SOM (n = 22), (B) Dg (n = 20) and
(C)  WSA  >0.25 mm (n = 25) in the calibration dataset.
Table 6
The sample numbers (n), mean and standard deviation of calibration and validation dataset for different soil properties (SOM, Dg and WSA  > 0.25 mm).
Item calibration validation
Samples(n) Mean Standard deviation Samples(n) Mean Standard deviation
s
m
s
r
t
(
a
i
t
w
C
c
n
cSOM(%) 22 14.92 7.17 
Dg 20 0.33 0.10 
WSA  > 0.25 mm (%) 25 35.27 16.90 
The wavelet transform was selected to analyze the soil hyper-
pectral characteristic. Wavelet transform analysis is a promising
ethod for processing hyperspectral signatures and has been
uccessfully applied to hyperspectral data for dimensionality
eduction (Bruce et al., 2002; Kaewpijit et al., 2003). Wavelet
ransforms include two variations: the discrete wavelet transform
DWT) and the continuous wavelet transform (CWT) (Blackburn
nd Ferwerda, 2008; Bruce et al., 2001). The CWT  provides more
nformation regarding the shape and position of absorption fea-
ures without omissions than does the DWT. Therefore, the CWT
as used to extract and reduce the hyperspectral features. The
WT  is a linear operation that uses a mother wavelet function to
onvert a hyperspectral reﬂectance spectrum f() ( = 1, 2,. . .,  n;
 is the number of wavebands, and herein, n = 2048) into sets of
oefﬁcients. Mathematically, the continuous wavelets ˛,ˇ () are30 13.91 7.13
22 0.30 0.08
22 42.00 11.69
produced by scaling and shifting the mother wavelet  () (Bruce
et al., 2001) according to the following:
 ˛,ˇ () =
1√
˛
 
(
 − ˇ
˛
)
(6)
where  ˛ and  ˇ are positive real numbers,  ˛ represents the scaling
factor deﬁning the width of the wavelet and  ˇ is the shifting factor
determining the position. The output of the CWT  is given by (Mallat,
1989):
W
(
˛, ˇ
)
=< f, >=
∫ +∞
f () ()d (7)f ˛,ˇ
−∞
˛,ˇ
For all scales of decomposition, the CWT  coefﬁcients
(Wf
(
˛i, ˇj
)
, i = 1, 2, . . .,  m;  j = 1,2,. . .,  n) constitute a 2-dimensional
G
.
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Table 7
Coefﬁcient of determination (R2), RMSE values and regression model comparing the measured soil properties (SOM,  Dg and WSA  > 0.25 mm)  with that estimated from the predictive models applied to the calibration set.
Soil properties FeatureRegion (nm) Featurecode Feature location Accuracy Regression model
WL(nm) scale R2 RMSE(%)
SOM (%) 1376–1379 A 1378 1 0.77** 6.30 Y = −10956*X(1378,1) + 29.21
1399–1402 B 1400 3 0.72** 6.07 Y = 1774.70*X(1400,3) + 20.90
501–510  C 506 4 0.69** 5.93 Y = 958.82*X(506,3) + 30.37
1375–1379 D 1377 2 0.67** 5.84 Y = −2388.70*X(1377,2) + 31.31
474–483  E 479 5 0.61** 5.60 Y = 49.45*X(479,5) + 34.10
Combined F Combo = A,B,C,D,E High&low 0.86** 6.66 Y = 19.32*
X(479,5) − 84.22*X(506,3) − 10739.82*X(1378,1) + 2226.95*
X(1377,2) + 1064.33 X(1400,3) + 26.09
Combined G Combo = A,B,D low 0.83** 6.54 Y = −10542.44* X(1378,1) + 1323.13**X(1377,2) + 1127.94*
X(1400,3) + 23.40
Combined H Combo = C,E high 0.68** 5.89 Y = 24.52* X(479,5) + −566.96* X(506,3) + 33.56
Dg 1388–1390 A 1389 1 0.68** 0.083 Y = −0.089 *X(1389,1) + 0.404
1712–1767 B 1734 8 0.66** 0.083 Y = 0.544*X(1734,8) + 0.431
1701–1711 C 1708 5 0.64** 0.081 Y = −7.183*X(1708,5) + 0.512
589  D 589 1 0.63** 0.081 Y = −0.103*X(589,1) + 0.406
1403–1406 E 1404 1 0.62** 0.081 Y = 0.121 *X(1404,1) + 0.311
1401–1403 F 1402 2 0.62** 0.080 Y = 0.039 *X(1402,2) + 0.297
Combined G Combo=A,B,C,D,E,F High&low 0.79** 0.090 Y = −0.059*X(589,1) + 0.009* X(1389,1) −0.058* X(1404,1)
+0.017* X(1402,2)−4.391*X(1708,5) +0.111*X(1734,8) +0.493
Combined H Combo=B,C LOW 0.75** 0.088 Y = −0.051*X(589,1) − 0.032* X(1389,1) − 0.009*
X(1404,1) + 0.015* X(1402,2) + 0.382
Combined I Combo=A,D,E,F High 0.72** 0.086 Y = −3.699*X(1708,5) + 0.321* X(1734,8) + 0.484
WSA  >0.25 mm 1213 A 1213 2 0.51** 13.14 Y = −30.84*X(1213,2) + 28.60
2063–2068 B 2064 3 0.44** 6.01 Y = 4.47*X(2064,3) + 15.37
1211–1219 C 1215 3 0.46** 12.31 Y = −12.23*X(1215,3) + 30.66
Combined D Combo = A,B,C low 0.61** 13.22 Y = −17.98*X(1213,2) + 4.78*X(2064,3) − 0.84*X(1215,3) + 18.43
** p < 0.01.
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calogram (i.e., an m × n matrix) in which one dimension is scale
1, 2, . . .,  m),  and the other dimension is wavelength (or waveband,
, 2, . . .,  n). Previous research has shown that the shape of the
bsorption features is similar to a combination of multiple Gaussian
unctions (Le Maire et al., 2004). Therefore, the second derivative
f the Gaussian function, also known as the Mexican Hat, was used
s the mother wavelet basis. The dimensions of the scalogram
ere reduced by decomposing the spectra at dyadic scales 21, 22,
3,. . .,  and 210. For a simple expression of the scalograms, those
cales are labeled as scales 1, 2, 3, . . .,  10 in the following section.
ll of the CWT  operations were accomplished using the IDL 6.3
avelet Toolkit (ITT Visual Information Solutions, Boulder, CO,
SA).
The regression models were conducted in SPSS 13.0 for Win-
ows. Coefﬁcients of determination (R2) and p-values were derived
rom analyses of the data to assess the accuracy of the calibration
nd validation models. The coefﬁcient of determination (R2) and the
oot mean square error (RMSE) were used to assess the predictive
ccuracy between the measured and predicted soil properties.
.6. Wavelet feature selection from the correlation scalograms
To address the redundancy of the wavelet features (individual
ixels in a scalogram) caused by continuous decomposition, a series
f feature selection procedures was required to identify the most
vident features that indicate the soil properties. The method com-
rises three main steps (Fig. 1). At Step 1, the CWT  was applied to all
f the reﬂectance spectra to calculate the wavelet power as a func-
ion of wavelength and scale. Therefore, the wavelet data resulting
rom each spectrum were stored as a wavelet power scalogram
ith dimensions of power, wavelength, and scale. To identify fea-
ures sensitivity, a correlation scalogram was constructed at Step
 by establishing the Pearson’s linear correlations between each
lement of the wavelet power scalogram and the soil samples. The
orrelation scalogram resulted in a squared correlation coefﬁcient
R2), ranging in magnitude from 0 to 1, at each wavelength and
cale. Each element of the correlation scalogram represented a fea-
ure that could be selected. At Step 3, the features where R2 was not
tatistically signiﬁcant were masked. The remaining features were
hen divided into multiple consecutive regions of interest, and the
eature most strongly correlated with soil properties in every region
as then extracted and ranked in descending order of R2 expressed
s (wavelength, scale).
. Results and discussion
.1. Soil properties
The two original soils (control) and their compost amendments
low and high) selected for the rainfall simulation in this study
rea were similar regarding particle size distribution, pH, CEC and
ulk density (Table 1). Although the addition of compost slightly
nhanced the ﬁne particle fraction (with a size <0.01 mm),  pH and
EC and reduced the bulk density of the original soils, the increment
as very small and was assumed to be negligible in this study. The
argest difference between the properties of the two  soils was in
he OM concentration, with the cultivated soil having an OM con-
entration more than 50% higher than that of the bare soil. After
hree continual rainfall simulation experiments, the soil properties
except the CEC) changed signiﬁcantly both in the group of origi-
al soils and another group of compost treatments (Table 2). The
ulk density and water content increased for all of the treatments
ue to the impact of raindrop compaction and inﬁltration. The SOM
ontent loss was also signiﬁcantly reduced for all of the treatments.
he above results showed that the soil properties (except for the Ta
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tig. 5. The best two performance models using individual wavelet feature predict
lot  the wavelet power of (1378, 1) and (1400, 3) as a function of SOM, respective
espectively; (E) and (F) are plot the wavelet power of (1213,2) and (2064, 3) as a fu
EC) varied dramatically with just a transient rainfall duration at
he small-plot scale.
The soil properties of the 65 soil samples selected in the
tudy area are shown in Table 3. The ﬁnest particle frac-
ion (with a size <0.001 mm)  of the soil samples was  generally
etween 2.4–30.4%. The particle fractions 0.01–0.005 mm and
.005–0.001 mm  ranged from 1.0% to 26.0% and 0.80–10.8%, respec-
ively. Unlike the ﬁner fractions, the other 3 coarser particle
ractions (>0.1 mm,  0.1–0.05 mm,  0.05–0.01 mm)  showed a wide
ange from almost none up to 66.6%. In addition, 75% of the soil
eries contained ≤19.22% SOM in the surface horizon, although
he maximum content was up to 44.8%. The bulk density varied
lightly, and the CEC varied signiﬁcantly in the study area. The
SA  >0.25 mm had the widest range from 2.65% to 64.90%, and the
edian value was 42.08% and more than half of the maximum value
f 32.45%, which indicated that the content of WSA  >0.25 mm was
reater than the average value in more than 50% of the soil samples.
.2. Soil erodibility analysis
Using Eqs. (4) and (5), the soil erodibility indicators a and ae in
he study area originating from the rainfall simulation experiments
ere estimated in Table 4. When the runoff and rainfall effects
ere both taken into consideration, the soil erodibility indicatora1) was higher than when only the rainfall effect was  considered
ai < a1) because QR is less than 1 and I2 is larger than IQ. These two
ypes of soil erodibility indicators showed similar trends between
he two ﬂuvo-aquic soil sets, with much higher values for the bareM, Dg and WSA  >0.25 mm in the calibration dataset, respectively . (A) and (B) are
 and (D) are plot the wavelet power of (1389,1) and (1734,8) as a function of Dg,
n of WSA  >0.25 mm,  respectively.
soil treatments than for the corresponding cultivated soil treat-
ments. Many previous studies have shown that the variations in
soil erodibility were mainly controlled by soil particle size and SOM
content (Wischmeier and Mannering, 1969; Smalley, 1970; Iversen
and White, 1982). For a given soil, the major change in the soil prop-
erties was  the increase in SOM content compared with every other
property in each treatment. Therefore, the results demonstrated
that the increase in SOM content controlled the decrease in soil
erodibility for these two  sets of soils.
3.3. Identiﬁcation of soil properties controlling erodibility
Soil erodibility is controlled by the intrinsic properties of soils
and the combined inﬂuences of the temporal soil properties of
moisture, aggregation, mineralogy, texture (soil particle sizes),
soil chemistry and SOM (Webb and Strong, 2011; Di Stefano and
Ferro, 2002; Duiker et al., 2001; Romero et al., 2007); however,
these studies were only applicable to a local soil type or for a
given area. Relationships among the soil properties and the soil
erodibility indicator variables (a and ae) in the rainfall experiment
using Pearson’s correlation coefﬁcients were calculated for the local
application (Table 5). Erodibility is not determined by any indi-
vidual soil property but is an outcome of the interactions among
multiple soil properties. Therefore, it is also important to classify
factors that directly and indirectly affect soil erodibility and to ﬁlter
redundant information in determining the erodibility of the study
area. The results showed that the SOM contents (R = −0.64, p < 0.05
for a; R = −0.69, p < 0.05 for ae) and WSA  >0.25 mm (R = −0.81,
58 G. Wang et al. / International Journal of Applied Earth Observation and Geoinformation 53 (2016) 48–63
F f ﬁve
c
p
t
t
i
p
c
o
a
m
t
t
f
b
y
t
Y
w
r
r
vig. 6. The residual analysis of measured and predicted (A) SOM using combination o
ombination of three wavelet features in the calibration dataset, respectively.
 < 0.01 for a; R = −0.60, p < 0.05 for ae) were signiﬁcantly nega-
ively correlated with soil erodibility indicators, which suggested
hat a large amount of SOM and WSA  played an important role
n preventing erosion. This result is consistent with most of the
revious studies, which conﬁrmed that erodibility is negatively
orrelated and critical shear stress is positively correlated with
rganic content from 0 to 10% (Brady and Weil, 2002; Morgan
nd Erosion, 2005). According to the physical mechanism, organic
aterial is generally believed to intensify the inter-particle attrac-
ion of soils, thus decreasing soil erodibility signiﬁcantly during
he entire erosion process. SOM has long been regarded as a key
actor determining soil erodibility (Rowell, 1994); the relationship
etween SOM and erodibility was examined using multiple anal-
ses in this study. As expected, a logarithmic function resulted in
he best ﬁt:
 = c ln (X) + d (8)
here Y represents the two soil erodibility factors (a or ae), X
epresents the SOM, and c and d are empirical parameters. The
esults showed that both erodibility factors decreased with the
alue of SOM as a logarithmic function with coefﬁcients of deter- wavelet features, (B) Dg combination of six wavelet features and (C) WSA  > 0.25 mm
mination of 0.60 (p < 0.01; Fig. 2(A)) and. 0.71 (p < 0.01; Fig. 2(B)),
respectively. Similar results should also be found in the relationship
between WSA  >0.25 mm and soil erodibility. The results showed
that both erodibility factors a and ae decreased with the value
of WSA  >0.25 mm  as a logarithmic function with a coefﬁcients
of determination of 0.69 (p < 0.01; Fig. 2(C)) and. 0.40 (p < 0.01;
Fig. 2(D)), respectively. WSA  has also widely been regarded as the
best indicator of erodibility. In addition, there was  no relationship
between SOM and WSA  in the study (R = 0.40, p > 0.05). Although
a number of studies have shown a relationship between SOM and
WSA, which of these factors directly or indirectly inﬂuences soil
erodibility is unknown, and aggregate stability is often weakly cor-
related to the SOM (Chaney and Swift, 1984). Thus, in this study,
these two properties were regarded as equally important factors
that inﬂuence soil erodibility.
It was  also found that the soil water content (R = −0.51, p < 0.05
for a; R = −0.59, p < 0.05 for ae) was negatively correlated with soil
erodibility indicators. These results are in agreement with several
studies (Grim, 1962; Grabowski et al., 2011), which noted that the
soil particle can respond with more intensively plastic deformation
and then more easily erode until, with increased soil water content,
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Fig. 7. The best two performance models using individual wavelet feature predicted SOM, Dg and WSA  >0.25 mm in the validation dataset, respectively. (A) and (B) are
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(lots  of measured versus predicted SOM using wavelet feature (479,5) and (506,4),
1389,1) and (589,1), respctively; (E) and (F) are plots of measured versus predicted
he force of the soil particles exceeds the critical shear stress. How-
ver, other studies showed that the soil water content is required in
he formation of soil aggregates thus leading to greater resistance
o erosion (Smalley, 1970; Breuninger et al., 1989). Therefore, the
eneralization suggested that the relationship between soil water
ontent and soil erodibility is not a single correlation, but rather
epending on the extent of soil water content to which the soil
ritical shear stress could be reached. No signiﬁcant correlations
ere detected between soil erodibility indicators and soil bulk den-
ity (R = 0.39, p > 0.05 for a; R = 0.41, p > 0.05 for ae), CEC (R = −0.28,
 > 0.05 for a; R = −0.35, p > 0.05 for ae), TN (R = −0.52, p > 0.05 for a;
 = −0.52, p > 0.05 for ae), or pH (R = −0.33, p > 0.05 for a; R2 = −0.32,
 > 0.05 for ae), but other studies reported conﬂicting results (Cao
t al., 2009; Wang et al., 2013). Previous research has indicated that
he bulk density negatively correlated with soil erodibility (Jepsen
t al., 1997; Lick and McNeil, 2001). Grabowski et al. (2011) per-
ormed further research and showed that the correlation is not due
peciﬁcally to bulk density, but covariations between bulk density
nd particle size distribution directly inﬂuence soil erodibility. Like-
ise, the CEC showed a signiﬁcant relationship to the SOM contentn the study (R = 0.91, p < 0.05). Indeed, another study has shown
hat the CEC is a measure of the capacity of soil particles to adsorb
ations in solution, which depends mainly on the amount of SOM
Romkens et al., 1988). The TN also signiﬁcantly correlated withtively; (C) and (D) are plots of measured versus predicted Dg using wavelet feature
 >0.25 mm (1213,2) and (2064, 3), respctively.
the SOM content (R = 0.96, p < 0.01), suggesting that the addition
of compost increased the TN content in the SOM. Therefore, even
though there were certain limitations in our data indicating that
bulk density, CEC and TN content may  be signiﬁcantly correlated
with soil erodibility in the study area, these three soil properties
still indirectly inﬂuence soil erodibility.
In this case, the soil erodibility was  negatively correlated with
the SOM content when the two  types of soils had a similar particle
size distribution. However, when other soils with different parti-
cle size distributions were pooled together, no trend in erodibility
was observed as a result of the SOM content (Bonilla and Johnson,
2012). Therefore, the rainfall experiment, regardless of the particle
size distribution, is the most widely used indicator of erodibility.
However, most of the previous studies that have investigated the
effect of SOM have been laboratory studies focusing on clay con-
tent (Houwing, 1999). Other studies have shown the correlation
between soil erodibility and soil properties that are not considered
to be isolated because an increase in a particular particle size frac-
tion reduces the faction of another particle size. It is thus more
reliable to analyze erodibility based on a synergistic indicator of
particle size. In this study, the Dg, an appropriate soil particle size
factor for estimating soil erodibility (Römkens et al., 1997), was
selected to express erodibility.
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.4. Most informative spectral and wavelet features for the
stimation of soil properties
From the above analyses, the soil erodibility was mainly deter-
ined by the soil water content, SOM, WSA  >0.25 mm and Dg. In
he study, the soils collected from the study area were all air-
ried and could regarded as having the same water content before
he spectral analysis. Therefore, only the SOM, WSA  >0.25 mm and
he Dg, these three properties, were considered in the spectral
nd wavelet analysis. Associations between the original reﬂectance
pectra and the indicator values for ﬁve soil properties that deter-
ine the soil erodibility in the study area (SOM and Dg) are shown
n Fig. 3. These associations demonstrate the spectral variation in
he 400–2447-nm range caused by changes in the indicators of
oil properties. The results showed that the reﬂectance spectra
or ﬁve classes of SOM content were different from one another
Fig. 3 (a)). As the SOM content decreased from the highest (44.37%)
o the lowest (2.35%) value, the spectral reﬂectance varied from
pproximately 0.01 to 0.48. The soil reﬂectance decreased with
ncreasing SOM content, i.e., from that 2.35%, to 10.98%, to 21.93%,
o 35.69% and then to 44.37%. This is consistent with the previous
esult that the content of SOM had a negative correlation with the
eﬂectance (Ben-Dor et al., 2009; Stoner and Baumgardner, 1981;
ang et al., 2011; Kariuki et al., 2004). Additionally, the strong
ater absorption regions at 1445 nm and 1930 nm became weaker
ith increasing SOM content. In particular, the absorption cen-elet features; (B) Dg combination of six wavelet features and (C) WSA  >0.25 mm
tered at 1250–1500 nm,  1750–2000 nm,  and 2000–2300 nm shifted
toward longer wavelength regions, and the shape of these three
absorption regions gradually changed from concave to convex as
the content of SOM increased. Similar results were also found in
the reﬂectance spectra for the ﬁve classes of Dg (Fig. 3(b)). The
reﬂectance of the soil was higher for smaller Dg values than that
for larger Dg values. These results showed that the reﬂectance
decreased with increasing soil particle size and are consistent with
the previous study of Bowers and Hanks (1965), who attributed
the results to the ﬁner soil particles binding closer together and
thus reﬂecting more than coarser particles. In addition, the spec-
tral reﬂectance decreased more sharply as the Dg increased from
0.37 to 0.44, and then to 0.53 than the decrease observed as the
Dg increased from 0.18 to 0.26, and then to 0.37, which indicated
that reﬂectance became greater as the soil particle size decreased
and would be closer to Lambert Reﬂector. There were no signiﬁ-
cantly regular variations for the spectral curves as WSA  >0.25 mm
changed (results not shown).
For each soil spectrum, continuous wavelet analysis was  used to
extract wavelet features from the correlation scalogram (Fig. 4) for
the soil properties. To determine the individual features of each
object (soil properties: SOM, WSA  >0.25 mm and Dg) and elimi-
nate the disturbance from the two  other background properties,
third calibration and third validation subsets from the dataset with
entire soil samples (n = 65) were extracted such that the standard
deviation of the studied object was  signiﬁcantly large and that of
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he other background properties was small. The subsets are shown
n Table 6. From the point of entire scalogram, Fig. 4 showed that
he correlation between wavelet power and SOM or Dg were better
han that of WSA  >0.25 mm.
Regression calibration models showed that all of the
xtracted features signiﬁcantly correlated to the SOM con-
ent, WSA  >0.25 mm and the Dg (p < 0.0001). For the correlation
etween the SOM and wavelet power, ﬁve wavelet feature regions
Table 7) were selected, and the determination coefﬁcients of
2 derived from linear regressions were all >0.60. The single
trongest correlation for each featured region was  produced at
79 nm in scale 5 (R2 = 0.61), 506 nm in scale 4 (R2 = 0.69), 1378 nm
n scale 1 (R2 = 0.77) (Fig. 5 (A)), 1377 nm in scale 2 (R2 = 0.67)
nd 1400 nm in scale 3 (R2 = 0.72) (Fig. 5 (B)). Three low-scale
eatures of SOM (1378 nm,  1), (1377 nm,  2) and (1400 nm,  3) were
n the shortwave infrared (SWIR) region and were found on the
dge of the strongest water absorption bands, which captured
he variations in the amplitude of the spectral reﬂectance. The
emaining features (479 nm,  5) and (506 nm,  4) were found at high
cales and in the visible wavelength region, which appeared away
rom the strong water absorptions due to the variations in the
hape and depth of the absorption feature of soil humic substances
Curran, 1989). For the correlation between the Dg and wavelet
ower, six wavelet feature regions (Table 7) were selected, and
he determination coefﬁcients of R2 were also >0.60; the strongest
orrelation for each region was located at 589 nm in scale 1
R2 = 0.63), 1389 nm in scale 1 (R2 = 0.68) (Fig. 5 (C)), 1404 nm
n scale 1 (R2 = 0.62), 1402 nm in scale 2 (R2 = 0.62), 1708 nm in
cale 5 (R2 = 0.64) and 1734 in scale 8 (R2 = 0.66) (Fig. 5 (D)). Four
ow-scale features of the Dg included one (589 nm, 1) found in the
isible wavelength region with no attributable related substances
nd three others ((1389 nm,  1), (1404 nm,  1), (1402 nm,  2)) found
n the SWIR region, which related to the strong water absorption.
he remaining two high-scale ((1708 nm,  5), (1734 nm,  8)) wavelet
eatures were related to other substances of lignin and cellulose
Curran, 1989) at 1730 nm.  Compared with the above correlation,
he regions of only three features (R2 > 0.40) were selected for
he relationship between WSA  >0.25 mm  and wavelet power
Table 7). Additionally, the most strongly correlated bands for each
egion ((1213 nm,  2); R2 = 0.51) Fig. 5(C), ((1215 nm, 3); R2 = 0.46)
ad either no attributable related substances or ((2064 nm,  3);
2 = 0.40) (Fig. 5(D)) were related to the substances of cellulose,
ectin and saccharide (Ben-Dor et al., 1997). The models combining
 number of wavelet features were then investigated. A stepwise
election of regression models for the prediction of the SOM con-
ent, WSA  >0.25 mm  and Dg suggested that the combined entire
eatures produced a better model than individual features (Table 7,
ig. 6). The best model was produced with entire ﬁve features
or SOM (R2 = 0.86, p < 0.01), six features for the Dg (R2 = 0.79,
 < 0.01), and three features for WSA  >0.25 mm (R2 = 0.61, p < 0.01).
dditionally, the reduced feature sets for soil properties were also
plit into combined high-scale and low-scale feature subsets for
odeling, and higher R2 values were found for combination of
ow-scale than the combination of high-scale feature sets (Table 7).
The regression-calibrated models were applied to the valida-
ion set to determine the accuracy with which soil properties could
e estimated (Table 8, Fig. 7). (479 nm,  5) and (506 nm, 4) were
he most accurate single-feature predictions of the SOM content
R2 = 0.71, p < 0.01; R2 = 0.68, p < 0.01), (589 nm, 2) and (1402 nm,
) of the Dg (R2 = 0.58, p < 0.01; R2 = 0.58, p < 0.01), and (1213 nm,
),(2064 nm,  3) of WSA  >0.25 mm (R2 = 0.48, p < 0.01; R2 = 0.43,
 < 0.01). Likewise, the combined feature (all selection) predictions
Fig. 8) were performed better than the single-feature, therefore the
ccurrence of overestimates and underestimates may  come frombservation and Geoinformation 53 (2016) 48–63 61
the selection of multiple features, which should be used carefully
in validation.
3.5. The hyperspectral reﬂectance model for determining soil
erodibility
The results in Section 3.2 showed that the soil erodibility indi-
cator was  calculated by soil loss, runoff, rainfall erosivity and
slope-length-gradient factor at the small-plot scale. In addition, soil
erodibility is generally considered as constant throughout the year
in the most widely used soil erosion prediction models(Bouyoucos,
1935; Zhang et al., 2004). These methods showed that the soil
erodibility is assigned with a static valuation for a given soil type.
Nevertheless, soil erodibility is mainly subject to critical shear force,
soil roughness and the availability of loose erodible material (LEM),
which requires the detachment and transport of soil grains, and
is also controlled by soil properties that vary in spatial and tem-
poral scale even in one storm event, according to the physical
mechanisms of soil erosion at this scale (Chepil, 1950; Gillette and
Stockton, 1989). Hence, the soil erodibility dynamic could not be
negligible maximum erodibility (Leys and McTainsh, 2002). Sec-
tions 3.3 and 3.4 showed that the SOM content and WSA  > 0.25 mm
were considered as the most affecting factors for determining soil
erodibility when the two  given soil types had a similar soil parti-
cle size distribution in the study area. Therefore, the soil erodibility
could be expressed with a multiple logarithmic function with these
two variables, SOM and WSA  >0.25 mm,  as the following:
K = lnT + εlnB +  (9)
where K represents the two soil erodibility factors (a or ae), T rep-
resents the SOM, B represents the WSA  >0.25 mm,  and ,  ε and 
are empirical parameters.
The above analysis shows that the soil properties were changed
at the very smallest scale, which is <10−2 m (e.g., the grain scale).
Convincingly, the ground remote sensing measurement provided
a suitable ﬁeld of view around a 0.07-m circle, which could iden-
tify the subtle variations across the soil surface at the grain scale.
The results presented in 3.4 showed that SOM content, Dg and
WSA >0.25 mm could be represented by wavelet models, for which
the calibration and validation subsets both performed better. In
addition, wavelet analysis, especially CWT, provides more robust
information by using scaled wavelets to detect narrow and broad
absorptions simultaneously and ensures that no absorption fea-
tures are omitted. The partial least squares (PLS) regression is
always comparable to wavelet analysis, but it is a more difﬁcult
operation with complex calibration requirements. Therefore, the
soil erodibility in the study area could be best expressed by the
function below:
spc = f (SOM) + ωg (WSA  > 0.25mm) + w
(
Dg
)
(10)
where spc represents the soil erodibility factors calculated from
the original hyperspectral reﬂectance wavelet analysis model,
f (SOM),  g (WSA  > 0.25mm)and w
(
Dg
)
represent the SOM con-
tent, WSA  >0.25 mm and the Dg as a function of the wavelet model,
respectively, and  , ω and  are empirical parameters. The func-
tion basically illustrates a dynamic change in the soil erodibility
at the grain scale. If the soil properties had a similar soil particle
size distribution (the same with the condition in the rainfall simu-
lation), the soil erodibility function originally from Eq. (7) could be
simpliﬁed as follows:Our study provides a method to determine soil erodibility. How-
ever, it has not yet been scaled to the airborne or spaceborne
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evel, which would be better to monitor soil erodibility at a large
cale. Additionally, the quality of data typically degrades due to
tmospheric absorption and spatial-scale variation. Thus, further
esearch is required to extract useful information while scaling to
he airborne or spaceborne level. Meanwhile, the water content,
hich were not be considered as the soil erodibility hyperspectral
odel in our study, is important in affecting soil erodibility, so a
urther research is need to understand the relationship between
oil erodibility and water content.
. Conclusions
The study has demonstrated the use of hyperspectral models
pplied to soil properties (SOM, Dg and WSA  >0.25 mm)  which
etermine soil erodibility using CWA. Two contrasting agricultural
oils (bare and cultivated ﬂuvo-aquic soils) were used for a rainfall
imulation experiment, and 65 soil samples were collected from
he study area for spectral analysis. Soil erodibility indicators of the
are soil treatments were generally higher than the corresponding
ultivated soil treatments. The soil erodibility was determined with
he soil properties of SOM content, WSA  >0.25 mm,  the Dg and the
oil water content in the study area, and a single-variable loga-
ithmic function could best express the relationship between the
oil erodibility and the SOM content or WSA  >0.25 mm.  By decom-
osing the reﬂectance spectra into 10 scales, the CWT  was shown
o be effective in identifying the meaningful spectral information
hat related the wavelet power with the soil properties (SOM, Dg
nd WSA  >0.25 mm)  that govern soil erodibility. The wavelet fea-
ures used to predict SOM and Dg performed well in both the
alibration and validation datasets. Although the performance of
he spectral model for WSA  >0.25 mm was poorer than that of the
odels for the SOM and Dg, the accuracy of the model was still
ffective enough to estimate for WSA  >0.25 mm.  The positions of
he wavelet features occur both in the high-scale and low-scale.
he high-scale features trapped amplitude variations in the broad
hape of the spectra, while the low-scale features trapped varia-
ions in the shape and depth of the soil dry substance absorptions.
he advantage of wavelet analysis is that soil features are not omit-
ed based on the CWT  theory. Furthermore, the results showed that
he hyperspectral models, which reﬂected dynamic changes, could
xpress soil erodibility based on the soil properties in the study
rea. The method developed from hyperspectral models provides
 new and promising tool for determining soil erodibility.
cknowledgments
This research is supported by the Program for New century
xcellent Talents in University (Grant no. NCET-12-0058)
eferences
lexander, R., 1996. Field Guide to Compost Use. The Composting Council,
Alexandria, Virginia.
en-Dor, E., Inbar, Y., Chen, Y., 1997. The reﬂectance spectra of organic matter in
the  visible near-infrared and short wave infrared region (400–2500 nm)  during
a  controlled decomposition process. Remote Sens. Environ. 61 (1), 1–15.
en-Dor, E., Irons, J., Epema, G., 1999. Soil reﬂettante. Manual Remote Sens.
Remote Sens. Earth Sci. 1, 111.
en-Dor, E., Chabrillat, S., Demattê, J.A.M., Taylor, G.R., Hill, J., Whiting, M.L.,
Sommer, S., 2009. Using imaging spectroscopy to study soil properties. Remote
Sens. Environ. 113, S38–S55.
lackburn, G.A., Ferwerda, J.G., 2008. Retrieval of chlorophyll concentration from
leaf reﬂectance spectra using wavelet analysis. Remote Sens. Environ. 112 (4),
1614–1632.lackburn, G.A., 2007. Wavelet decomposition of hyperspectral data: a novel
approach to quantifying pigment concentrations in vegetation. Int. J. Remote
Sens. 28 (12), 2831–2855.
onilla, C.A., Johnson, O.I., 2012. Soil erodibility mapping and its correlation with
soil properties in Central Chile. Geoderma 189, 116–123.bservation and Geoinformation 53 (2016) 48–63
Bouyoucos, G.J., 1935. The clay ratio as a criterion of susceptibility of soils to
erosion. J. Am.  Soc. Agron. 27, 738–741.
Bowers, S., Hanks, R., 1965. Reﬂection of radiant energy from soils. Soil Sci. 100 (2),
130–138.
Brady, N., Weil, R., 2002. The Nature and Properties of Soils 2002. Upper Saddle
River, Prentice Hall, NJ.
Breuninger, R.H., Gillette, D.A., Kihl, R., 1989. Formation of Wind-erodible
Aggregates for Salty Soils and Soils with Less than 50% Sand Composition in
Natural Terrestrial Environments, Paleoclimatology and Paleometeorology:
Modern and Past Patterns of Global Atmospheric Transport. Springer, pp.
31–63.
Brown, D.J., Shepherd, K.D., Walsh, M.G., Mays, M.D., Reinsch, T.G., 2006. Global soil
characterization with VNIR diffuse reﬂectance spectroscopy. Geoderma 132
(3), 273–290.
Bruce, L.M., Morgan, C., Larsen, S., 2001. Automated detection of subpixel
hyperspectral targets with continuous and discrete wavelet transforms. IEEE
Trans. Geosci. Remote Sens. 39 (10), 2217–2226.
Bruce, L.M., Li, J., Huang, Y., 2002. Automated detection of subpixel hyperspectral
targets with adaptive multichannel discrete wavelet transform. IEEE Trans.
Geosci. Remote 40 (4), 977–980.
Burgess, R., McTainsh, G., Pitblado, J., 1989. An index of wind erosion in Australia.
Aust. Geogr. Stud. 27 (1), 98–110.
Cao, L., Zhang, K., Zhang, W.,  2009. Detachment of road surface soil by ﬂowing
water. Catena 76 (2), 155–162.
Chaney, K., Swift, R., 1984. The inﬂuence of organic matter on aggregate stability in
some British soils. J. Soil Sci. 35 (2), 223–230.
Chang, C.W., Laird, D.A., Mausbach, M.J., Hurburgh, C.R., 2001. Near-infrared
reﬂectance spectroscopy–principal components regression analyses of soil
properties. Soil Sci. Soc. Am.  J. 65 (2), 480–490.
Chappell, A., Mctainsh, G., Leys, J., Strong, C., 2003. Using geostatistics to elucidate
temporal change in the spatial variation of aeolian sediment transport. Earth
Surf. Proceses Landform 28 (6), 567–585.
Chappell, A., Zobeck, T., Brunner, G., 2005. Induced soil surface change detected
using on-nadir spectral reﬂectance to characterise soil erodibility. Earth Surf.
Processes Landform 30 (4), 489–511.
Chen, J.C., Guo, H.W., Zhai, Y.Z., 1992. The calculation of maximum daily-rainfall
recurrence period in Shandong (In Chinese). Shandong Meterorol. 48 (3), 1–7.
Cheng, T., Rivard, B., Sánchez-Azofeifa, G., Feng, J., Calvo-Polanco, M., 2010.
Continuous wavelet analysis for the detection of green attack damage due to
mountain pine beetle infestation. Remote Sens. Environ. 114 (4), 899–910.
Chepil, W.,  1950. Properties of soil which inﬂuence wind erosion. 2. Dry aggregate
structure as an index of erodibility. Soil Sci. 69 (5), 403–414 (Soil Sci., 69 :
403–414).
Conforti, M.,  et al., 2013. Studying the relationship between water-induced soil
erosion and soil organic matter using Vis–NIR spectroscopy and
geomorphological analysis: a case study in southern Italy. Catena 110, 44–58.
Curran, P.J., 1989. Remote sensing of foliar chemistry. Remote Sens. Environ. 30,
271–278.
Di Stefano, C., Ferro, V., 2002. SW—Soil and water: linking clay enrichment and
sediment delivery processes. Bioeng. 81 (4), 465–479.
Duiker, S., Flanagan, D., Lal, R., 2001. Erodibility and inﬁltration characteristics of
ﬁve  major soils of southwest Spain. Catena 45 (2), 103–121.
Falcone, J.A., Gomez, R., 2005. Mapping impervious surface type and sub-pixel
abundance using Hyperion hyperspectral imagery. Geocarto Int. 20, 3–10.
Farifteh, J., Van der Meer, F., Atzberger, C., Carranza, E., 2007. Quantitative analysis
of  salt-affected soil reﬂectance spectra: a comparison of two adaptive methods
(PLSR and ANN). Remote Sens. Environ. 110 (1), 59–78.
Ferwerda, J.G., Jones, S.D., 2006. Continuous Wavelet Transformations for
Hyperspectral Feature Detection. Springer.
Geeves, G., Leys, J., McTainsh, G., 2000. Soil erodibility. Soils Prop. Manage.,
205–220.
Gillette, D.A., Stockton, P.H., 1989. The effect of nonerodible particles on wind
erosion of erodible surfaces. J. Geo. Res. Atmos.(1984–2012) 94 (D10),
12885–12893.
Grabowski, R.C., Droppo, I.G., Wharton, G., 2011. Erodibility of cohesive sediment:
the  importance of sediment properties. Earth Sci. Rev. 105 (3), 101–120.
Grim, R.E., Grim, R.E., 1962. Applied Clay Mineralogy. McGraw-Hill, New York.
Houwing, E.-J., 1999. Determination of the critical erosion threshold of cohesive
sediments on intertidal mudﬂats along the Dutch Wadden Sea coast. Estuar.
Coast. Shelf Sci. 49 (4), 545–555.
Institute of Soil Science Chinese Academy of Sciences (I.S.S.C.A.S), 1997. Soil
Physical and Chemical Analysis Method. Sciences and Technology Press of
Shanghai, Shanghai.
Iversen, J., White, B., 1982. Saltation threshold on earth, mars and venus.
Sedimentology 29 (1), 111–119.
Jafari, R., Lewis, M.M.,  2012. Arid land characterisation with EO-1 Hyperion
hyperspectral data. Int. J. Appl. Earth Obs. 19 (10), 298–307.
Jepsen, R., Roberts, J., Lick, W.,  1997. Effects of bulk density on sediment erosion
rates. Water Air Soil Pollut. 99 (1–4), 21–31.
Kaewpijit, S., Le Moigne, J., El-Ghazawi, T., 2003. Automatic reduction of
hyperspectral imagery using wavelet spectral analysis. IEEE Trans. Geosci.
Remote Sens. 41 (4), 863–871.
Kalacska, M.,  Sanchez-Azofeifa, G.A., Rivard, B., Caelli, T., White, H.P.,
Calvo-Alvarado, J.C., 2007. Ecological ﬁngerprinting of ecosystem succession:
estimating secondary tropical dry forest structure and diversity using imaging
spectroscopy. Remote Sens. Environ. 108 (1), 82–96.
arth O
K
K
K
L
L
L
L
L
M
M
M
M
O
R
R
R
R
R
R
R
Zhang, C., 2016. Multiscale quantiﬁcation of urban composition from
EO-1/hyperion data using object-based spectral unmixing. Int. J Appl. EarthG. Wang et al. / International Journal of Applied E
ariuki, P.C., van der Meer, F.D., Verhoef, P.N.W., 2003. Cation exchange capacity,
CEC, determination from spectroscopy. Int. J. Remote Sens. 24 (20031),
161–167.
ariuki, P.C., Woldai, T., van der Meer, F.D., 2004. Effectiveness of spectroscopy in
identiﬁcation of swelling indicator clay minerals. Int. J. Remote Sens. 25 (2),
455–469 (2004).
okaly, R.F., Clark, R.N., 1999. Spectroscopic determination of leaf biochemistry
using band-depth analysis of absorption features and stepwise multiple linear
regression. Remote Sens. Environ. 67, 267–287.
al, R., 1994. Soil Erosion Research Methods. CRC Press.
e Maire, G., Francois, C., Dufrene, E., 2004. Towards universal broad leaf
chlorophyll indices using PROSPECT simulated database and hyperspectral
reﬂectance measurements. Remote Sens. Environ. 89 (1), 1–28.
eys, J.F., McTainsh, G.H., 2002. Soil erodibility to wind. In: Charman, P.E.V.,
Murphy, B.W. (Eds.), Soils: Their Properties and Management. Oxford
University Press, Melbourne, pp. 213–221.
ick, W.,  McNeil, J., 2001. Effects of sediment bulk properties on erosion rates. Sci.
Total Environ. 266 (1), 41–48.
uleva, M.I., van der Werff, H.M.A., Jetten, V.G., van der Meer, F.D., 2011. Can
infrared spectroscopy be used to measure change in potassium nitrate
concentration as a proxy for soil particle movement, Sensors: open access, 11,
2011, 4, 4188–4206.
allat, S.G., 1989. A theory for multiresolution signal decomposition: the wavelet
representation. Pattern Analysis and Machine Intelligence. IEEE Trans. Geosci.
Remote Sens. 11 (7), 674–693.
cTainsh, G., Lynch, A., Tews, E., 1998. Climatic controls upon dust storm
occurrence in eastern Australia. J. Arid Environ. 39 (3), 457–466.
organ, R., Erosion, C.S., 2005. Conservation. MA:  Blackwell Publishing.
ouroulis, P., Van Gorp, B., Green, R.O., Dierssen, H., Wilson, D.W., Eastwood, M.,
2013. The portable remote imaging spectrometer (PRISM) coastal ocean
sensor. Des. Charact. First Flight Results.
NSS: Ofﬁce of National Soil Survey, 1998. Soil of China. China Agriculture Press,
Beijing.
ömkens, M.,  Prasad, S., Gerits, J., 1997. Soil erosion modes of sealing soils: a
phenomenological study. Soil Technol. 11 (1), 31–41.
isse, L., Nearing, M.,  Laﬂen, J., 1991. Assessment of Error in the Universal Soil Loss
Equation Using Natural Runoff Plot Data. American Society of Agricultural
Engineers. Meeting, USA.
omero, C.C., Stroosnijder, L., Baigorria, G.A., 2007. Interrill and rill erodibility in
the  northern Andean Highlands. Catena 70 (2), 105–113.
omkens, M.,  Wang, J., Darden, R., 1988. A laser microreliefmeter. Trans. ASAE
(USA).
ossel, R.V., Behrens, T., 2010. Using data mining to model and interpret soil
diffuse reﬂectance spectra. Geoderma 158 (1), 46–54.
ossel, R.V., Walvoort, D., McBratney, A., Janik, L.J., Skjemstad, J., 2006. Visible, near
infrared, mid  infrared or combined diffuse reﬂectance spectroscopy for
simultaneous assessment of various soil properties. Geoderma 131 (1), 59–75.
owell, D., 1994. Soil Science: Methods and Applications. Department of Soil
Science, University of Reading, Prentice-Hall, Englewood Cliffs (ISBN
0–582-08784-8).bservation and Geoinformation 53 (2016) 48–63 63
Sánchez-Azofeifa, G.A., Quesada, M.,  Cuevas-Reyes, P., Castillo, A.,
Sánchez-Montoya, G., 2009. Land cover and conservation in the area of
inﬂuence of the chamela-cuixmala biosphere reserve, Mexico. For. Ecol.
Manage. 258 (6), 907–912.
Shepherd, K.D., Walsh, M.G., 2002. Development of reﬂectance spectral libraries
for characterization of soil properties. Soil Sci. Soc. Am.  J. 66 (3), 988–998.
Smalley, I.J., 1970. Cohesion of soil particles and the intrinsic resistance of simple
soil systems to wind erosion. J. Soil Sci. 21 (1), 154–161.
Stenberg, B., Rossel, R.V., 2010. Diffuse Reﬂectance Spectroscopy for
High-resolution Soil Sensing, Proximal Soil Sensing. Springer, pp. 29–47.
Stoner, E.R., Baumgardner, M.,  1981. Characteristic variations in reﬂectance of
surface soils. Soil Sci Soc. Am. J. 45 (6), 1161–1165.
Torrence, C., Compo, G.P., 1998. A practical guide to wavelet analysis. Bull. Am.
Meteorol. Soc. 79, 61–78.
Wang, L., Hunt, E.R., Qu, J.J., Hao, X., Daughtry, C.S., 2011. Towards estimation of
canopy foliar biomass with spectral reﬂectance measurements. Remote Sens.
Environ. 115 (3), 836–840.
Wang, B., Zheng, F., Römkens, M.J., Darboux, F., 2013. Soil erodibility for water
erosion: a perspective and Chinese experiences. Geomorphology 187, 1–10.
Wang, G., Wu,  B., Zhang, L., Jiang, H., Xu, Z., 2014. Role of soil erodibility in affecting
available nitrogen and phosphorus losses under simulated rainfall. J. Hydrol.
514, 180–191.
Wang, G., Fang, Q., Wu,  B., Yang, H., Xu, Z., 2015. Relationship between soil
erodibility and modeled inﬁltration rate in different soils. J. Hydrol. 528,
408–418.
Webb, N.P., Strong, C.L., 2011. Soil erodibility dynamics and its representation for
wind erosion and dust emission models. Aeolian Res. 3 (2), 165–179.
Weng, Q., Hu, X., Lu, D., 2008. Extracting impervious surfaces from medium spatial
resolution multispectral and hyperspectral imagery: a comparison. Int. J.
Remote Sens. 29, 3209–3232.
Wischmeier, W.,  Mannering, J., 1969. Relation of soil properties to its erodibility.
Soil Sci. Soc. Am.  J. 33 (1), 131–137.
Wu L.Q., W,  L., C., Z.L., C, X.P., Z, F.S., 2015. Basic NPK fertilizer recommendation and
fertilizer formula for maize production regions in China (In Chinese). Acta
Pedologica Sinica., 52, 4, 802-817.
Yang, M.,  Pritsch, K., Yediler, A., Hagn, A., Schloter, M.,  Kettrup, A., 2003.
Decolorization of synthetic dyes and production of manganese-dependent
peroxidase by new fungal isolates. Biotechnol. Lett. 25 (9), 709–713.
Yitagesu, F.A., van der Meer, F.D., van der Werff, H.M.A., Zigterman, W.,  2009.
Quantifying engineering parameters of expansive soils from their reﬂectance
spectra. Eng. Geol. 105 (3–4), 151–160, 2009. 4105 (2009).
Zhang, K., Li, S., Peng, W.,  Yu, B., 2004. Erodibility of agricultural soils on the Loess
Plateau of China. Soil Till. Res. 76 (2), 157–165.Obs. 47, 153–162.
Zobeck, T.M., 1991. Soil properties affecting wind erosion. J. Soil Water Conserv. 46
(2), 112–118.
